Abstract. The volatility in a CPG market is modelled using a bottom up simulation approach and validated against disaggregated supermarket transactions data. The simulation uses independent agents, each agent representing unique households in the data. A simple behavioural model incorporates household preferences for product attributes, prices and promotions. Our validation strategy tests the model predictions at both macro and micro levels. At the macro level, the model is validated against out of sample evolution of market shares while at the micro level, household level choice of individual products and product attribute combinations are used. The model captures the volatility in terms of market share of brands and flavours -with the direction of change being more accurately predicted than the magnitude. At the micro level, we achieve a reasonable degree of prediction accuracy of household level SKU choice and a substantially higher accuracy for attribute choice. We found that product size to be the most difficult to predict among all attributes.
Introduction
Software based simulation techniques have become a popular tool in the analysis of populations and societies in recent years. Researchers have repeatedly pointed out that traditional top-down analytical and empirical techniques usually fail to capture the heterogeneity, bounded rationality and social interactions among individual members of the population under study. These are situations when populations typically exhibit emergent behaviour of some kind, and simulations seem to be the best method to use for study ([5] , [9] , [13] ). This paper also uses a bottom-up approach in building a simple but effective behavioural model of a typical consumer packaged goods (CPG) market, whose volatile and heterogenous nature makes it very suitable for a simulation based study.
Consumer markets are usually characterized by noisy dynamics and instability [10] . Such volatility may arise due to multiple factors, for instance, large variations in tastes/preferences [2] and/or intense competitive market interventions by firms such as discounts and pricing campaigns, competitive packaging, advertising etc. ( [3] ; [1] ). Moreover, potential lateral effects such as word-ofmouth can become important as well in consumers' decision making and as a result lead to non-linearity in the dynamics of a market. Consequently, CPG markets lend themselves readily to be modeled using agent based simulations [8] .
This paper takes the first steps in building a model of the CPG market and validating the same using a combination of theory, simulation and real life data. We model the choice of fresh fruit juices by a set of supermarket consumers facing a large variety of competing products. We focus on consumers' tastes and preferences for various attributes inherent in a product, as well as their propensity towards pricing and promotions in order to build a simple behavioural model of choice. This behavioural model is subsequently used as the template for running simulations where we attempt to replicate the choices made by real life consumers in an online retail supermarket. The approach used is bottom-up, in the sense that we use virtual agents, each of which represents an individual unit in the real population. However, we do not claim that it is an agent based model (ABM) as we do not incorporate agent to agent interactions and social networks in the present analysis. This model should be treated as the first step towards a fully validated ABM in the near future, to be used as the benchmark for further analysis. The main aim here is to build the simplest market model which can capture the heterogeneity and volatility of a CPG industry. This paper addresses the twin issues of individual heterogeneity and volatility, and the relationship between the two. The time period considered here is one calendar year, but both the simulation methodology and the behavioral model are flexible enough to be used for examining both the short term and long term dynamics with little modification. The model stands out from the rest for its simplicity with only one free parameter to be calibrated across agents, and hence implementation and extensions are easy. The model is used to analyze the fresh fruit juice market incorporating customer transactions data from LeShop (www.leshop.ch), an online supermarket based in Switzerland. Movements in market shares of competing product groups are modeled by taking into account household level brand loyalty, price/promotion susceptibility and preferences for product attributes. The simulations and the corresponding validation strategy results in a good fit of the out-of-sample predictions with the data, particularly the direction and frequency of changes (volatility) in the market. At the micro level, a good overall out of sample fit is achieved as well.
Validation using real life data is an important component of any simulation based study. Although various definitions of validation exist in the literature, there is one common theme among all: A validated model will possess a satisfactory range of accuracy matching the simulated model to the real world phenomenon [14, 7, 6] . Most authors also stress that in typical models which study large complex entities such as markets, validation should be carried out at multiple levels. For instance, with a model of a market such as the one presented in this paper, not only should the simulation model mimic the macro-level dynamics of the real market (macro-level validation), individual agents should also mimic the behaviour of the real households or consumers they represent (micro-level validation) to a high degree.
The choice model presented here has been developed specifically with the CPG industry in mind. Additionally, it lends itself to a novel validation technique. Since our methodology validates the model both at the macro and the micro levels, two different fitness metrics are used for the two separate levels. At the macro level, the performance is judged by how closely market shares of product groups evolve over time in the simulation vis-a-vis the real data. At the micro level, we focus on household level preferences relating to individual products and product attributes. We divide the data into three sets -the first used for initialization of agents, the second for direct calibration and the third for testing out of sample predictions.
The Market Model

Theoretical framework
[10] develops a theoretical ABM framework which can incorporate the "4 P"s of marketing mix (product, price, placement and promotion) within a simulation framework. Our approach is similar to the extent that we start at the level of an individual shopper -a linear ordinal utility based behavioural model is used to define the choice mechanism. However, we deviate in the model specification itself. Following are the key assumptions made in our model. Assumption 1 Consumers act rationally and are able to rank the available alternatives in a consistent manner given their preference.
Assumption 2 All products and product characteristics remain unchanged during the given time period under consideration.
Assumption 3 Consumers' tastes and preferences remain unchanged in the given period.
Consider an industry with K distinct products and a consumer base of size N . Each product is endowed with a set of M attributes, which makes it unique for a consumer. In order to define the preferences of consumers in such a framework, we borrow from traditional discrete choice theory in which a product is consumed, not for its own sake, but for the set of attributes it embodies ( [11] , [4] , [12] ). Hence, given a vector of characteristics in a product, we are able to place it in a characteristic space. This vector is then called the address of this product. Each consumer's preference is defined using a complementary ideal point, which is a vector of characteristics that he would ideally like to see in a product. The closer this ideal point is to the actual mix of characteristics of a commodity, the higher the subjective utility of the consumer from purchasing it. 
Equation 1 refers to the parameterized utility function where,
and ω When promotions are introduced into the model, we need to differentiate between the gross and net prices. Let P net k and P gross k be the net and gross prices of product k respectively. The discount on the product is hence,
in order to incorporate promotions, where p net k is the relative price defined as above, but now in net terms. Note that Equation 2 is the simplest possible characterisation of an utility function incorporating promotions implicitly. A more complete characterisation should explicitly take into account the incidence of promotion itself as well as the quantity bought as a result.
The behaviour of an agent is described solely by an additive non-random cardinal utility function which has been extensively used in traditional microeconomics. However the exact characterization of the utility function has been done keeping the nature of the CPG industry in mind where shopping habits follow a distinct pattern of frequent repeat purchases over time. Not only is the frequency of shopping high, but the same set of products may be bought over and over again. The aim here is to test whether preferences towards attributes and price alone, and without any evidence of strong networking effects, are able to capture behaviour at an individual level. Additionally, the fact that households are treated individually,
Data
The data used in the current analysis consists all transactions within the fresh fruit juice category from LeShop, for the period of January 2006 to December 2006. Given the nature of the fruit juice category and available data, we consider three dimensions of product characteristics for the analysis -brand, flavour and pack size. Table 1 gives a break up of the products in terms of the identified brands and flavours. The third characteristic dimension -that of pack size -is expressed in grams, which ranges from 280gm to 12552gm. The final data comprises of 55 unique products (SKUs or Stock Keeping Units), 2435 households and 28179 transactions for all of the 52 weeks. For more details on the data set, see Appendix A.
Validation
Model validation is carried out in three distinct steps:
1. Initialization. The first partition is used for initialization of the simulation parameters. We initialized the product specific characteristic vectors and the agent specific ideal points using the transaction history covering weeks 1 to 24 in the data set. 2. Calibration. The parameter space is partitioned in a suitable manner. Simulations are run for all partitions of the parameter space. The results are recorded for every individual agent for every time step. Using the second partition of the data set, we calibrate each agent, in order to obtain the optimum intersection of parameters which give the optimum in sample predictions for that particular agent. The optimum parameter set is then recorded for each agent. The optimization method is described below. 3. Testing. The final step involves the use of the parameterized agents to make out of sample predictions. We use the third data partition for this purpose. A Monte-Carlo type of method is used, where multiple runs of the simulation are made where each run corresponds to a random draw from the optimized parameter set of each agent. The results are collated and statistically compared against the data under consideration..
Initialization
For the purpose of validation, the full year transactions data was split into three sets along the temporal dimension -weeks 1 to 24, 25 to 38 and 38 to 52. The first set was used for initialization of individual ideal points in the characteristics space, while the latter two for calibration and testing of the model. Here we describe the steps followed in order to carry out the initialization. The characteristics space is defined as the subset [0, 1] 3 ∈ R 3 , i.e. numerically, the maximum and minimum values attached to any one dimension are 1 and 0 respectively. For each characteristic, the unique categories were assigned a value based on their sales volume in the week 1-24 data normalised by the maximum within that dimension. For instance, within the dimension representing brand, the one with the highest sales volume out of 15 (Gold) is assigned the value 1 while the one with the lowest (Isola) is assigned 0. All other brands were placed equispaced within (0,1), with each brand's position proportional to the relative sales volume (for eg., M has the second highest sales volume and hence is placed at 0.86 in the brand dimension). All ties were resolved randomly. The relative positions of brands and flavours in the characteristics space correspond to the ordering in Table 1 .
Next we estimated a proxy for the ideal points for each agent using the transaction history (weeks 1-24) of the household which the agent represents. For a given characteristic dimension and for a given household, we calculate the weighted average of all categories purchased, with the purchase frequency used as the weight. This is repeated for every dimension. Given the household and its transaction history, we generate a three dimensional vector in the characteristics space, which represents its ideal point. For example, suppose household i purchases the brands M and Gold 2 and 3 times respectively in the first half of the year. M's and Gold's position in the [0, 1] interval along the brand dimension of the characteristics space is given by 0.86 and 1 respectively. Hence, the brand element i's is given by 2 * 0.86 + 3 * 1 5 = 0.94. The elements along the remaining two dimensions are computed similarly. This method does have a drawback when we consider households whose purchases concentrate on the two ends of the scale, in which case the weighted average falls somewhere in the middle, which is not representative of its preferences. But this happens only for a minority of case. This ideal point remains static for the rest of the simulation process (given Assumption 3). See Appendix B for a detailed description of the simulation setup.
Calibration
Calibration is done on both the macro and micro levels separately. For the macro level, we aim to replicate the evolution of market shares of product groups while for the micro level validation, we aim to replicate household specific choice of SKU and product characteristics. And because each level requires a different metric over which agent specific parameters are calibrated with real data, we carry out the calibration exercise twice -once for each level of validation. We use binary matching of simulated versus real take-up to calibrate at the market share (upper) level and use the city-block metric to calibrate characteristic takeup at the household (lower) level. Exact definitions are provided in Appendix C.
For calibrating agent i's specific ω 1 (the superscript i is dropped for notational convenience), the simulation is run for time steps (weeks) 25 to 38. The parameter space is discretized into 25 equi-spaced points, 0 = ω
. . < ω 24 1 = 1 and the simulation is run 25 times for each agent, with each run corresponding to one value of ω 1 within the discretized space. Since there are no non-linearities involved in terms of social influences and feedback in the model, we can run the simulation sequentially for each agent in turn without having to carry it out simultaneously for all agents. Moreover, given that we have considered deterministic rational choice here, the number of runs for each agent for a specific parameter value is limited to one. Two sets of optimum parameter subsets are constructed per agent i, Ω i b using binary matching and Ω i c using the city-block metric (see Appendix C for formal definitions and details).
Testing
The model testing exercise is carried out on out of sample transactions data covering weeks 39 to 52. For each agent i, we now use both the sets Ω It is very likely that the cardinality of these sets is greater than one, and so, for each agent one parameter value ω 1 ∈ Ω i b,c is selected at random. As before, at each purchase week the agent makes a choice from that week's product choice set using the parameterized utility function. The variability that is introduced through random choice of suitable parameter values necessitates the need for a Monte-Carlo type analysis and so the simulation is run 100 times for each agent. We select the modal value, or the product that is purchased the maximum number of times in a week among the 100 runs, as that week's predicted choice.
In the binary matching (macro) validation, quantity is chosen according to the data. If the simulated choice is identical to the actual choice, the quantity bought by the agent is copied from the data. This is done in order to account for some of the bulk purchases made by households and as mentioned before, the current model does not account for quantity purchased. If however, the simulated and actual choices do not match, then agent is made to purchase a quantity, q of the product. Quantity q is calculated using the average liquid volume (pack size) per transaction of the household vol i , which is calculated on the first six months of data. Define,
S is the pack size of product S (the simulated purchase of i), implying that the purchase for that week satisfies the household's average liquid volume purchase per transaction. In the characteristic matching (micro-level) validation, purchase quantities need not be considered.
Results
We present our out of sample (weeks 39 to 52) validation results for the macro and micro levels below.
Macro level
Macro-level validation is done on the basis of a comparison of predicted versus actual market shares. Given the large number of products, we group them on the basis of brands and flavors. Table 3 reports the degree of accuracy with which the simulated market shares match the actual ones in the data. We provide two measures -the average relative difference between the actual and simulated market shares per brand/flavour (r b,f ) and the correlation coefficient (c b,f ) between the two. For each brand b, r b and is computed as:
The main results regarding macro-level validation can be summarized as follows. First, for most brands and flavors, the model predicts the direction of change of market shares to a high degree. The model performs reasonably well with regard to the magnitude of market shares, although not as accurately as the prediction of direction. Second, both the correlation coefficient as well as the relative difference is significantly better for brands/flavors which have high market shares overall than those which are in the lower end. Generally, brands with market shares consistently less than 2% of the market are difficult to predict whereas the others are well predictable either in direction or both in direction and magnitude. The pattern within flavors is similar as well (with the threshold around 8% of market share), but with one important difference -as compared to brands, the average prediction is slightly better in magnitude (0.44 against 0.53) and slightly worse in direction (0.45 against 0.57). Note that choice of quantity is not endogenous in the model, that is, it is not a decision variable for the agents. Table 2 presents the number of weeks a brand or a flavour has been on promotion within the 14 week period. As can be seen, incidences of promotions in the form of price discounts were quite rare for most brands, but not so when product groups are grouped as flavors. Yet real market shares of both product groupings exhibit high volatility, which is also picked up by the simulation. Agents differ from one another in terms of how strongly they react to changes in pricing vis-a-vis inherent preferences. Since different attribute combinations are under promotion at different times, varying responses to promotions by any one agent as well as across agents lead to the high volatility typically seen in these markets.
Additionally, the simulation incorporates household loyalty towards specific product attributes using the ideal point specification of the utility function. The agents by default, incorporate loyalty toward products characteristic bundles, which they tend to buy most of the time but can switch in response to a good offer (promotions and/or lower net prices) occasionally. They also tend to switch back to their regular purchases in subsequent shopping trips if the earlier promotion is withdrawn and/or no other promotions exist which are enticing enough. This loyalty based behavior coupled with non-uniform response to promotions, is able to capture the market share volatility in brands and flavors. However, as mentioned before, examination of the household/micro level choices made by individual households is necessary in order to establish the validity of the model.
Micro Validation
A counting scheme similar to that of the city-block metric is used in order to validate the model at the micro level. The accuracy of predictions in household's choice of characteristics is measured, both in each dimension separately, and jointly along subsets of dimensions. Given a particular dimension within the characteristic space and for any given household, the number of times a prediction is made correctly along that dimension is estimated. And for measuring the joint predictions along all dimensions, the number of times the simulation respectively predicts 3, 2, 1 and 0 characteristics correctly is also estimated for every household, irrespective of what those characteristics are. The former implies finding the proportion of times the predictions made in each dimension match the choice made by the household in the real data. The latter implies a prediction "score" per household per transaction (exactly as defined in Equation  6 in Appendix C). Note that a score 0 for agent i implies that, i's choices in the Part 1 of Table 4 indicates that the household specific SKU choice was accurate 35.74% of the times from a pool of 8213 transactions in total. However, the total 8213 transactions incorporate households for whom all 100% of the transactions were correctly predicted, households for whom none were correct and those for whom predictions were only partially correct, the distribution of which is presented in Part 2 of Table 4 . Part 2 and Figure 4.2 (a) describes the break up of households in terms of accuracy of predictions jointly across subsets of characteristic dimensions. Each column indicates the distribution of households under a particular score. For instance, and importantly as well, for 24.43% of the households, all product characteristics from all their transactions were correctly predicted, implying an exact SKU match in most of them. For the small percentage of cases where multiple brands/flavors and/or sizes are bought by the same household in the same transaction, we might be able to match all characteristics but not the product. This explains why the accuracy in SKU prediction (35.74%) is slightly less than the mean of the proportion of Score 0 for all households (37.18%). Also, it is only a minority of households (8.25% as seen in the Score 3 column), that predictions are inaccurate in all dimension for all transactions. Figure 1 (a) summarizes mean and standard deviations graphically.
Part 3 of Table 4 and Figure 1 (b) summarize the accuracy of household level predictions within each characteristic dimension individually. Flavor is definitely the characteristic which is most predictable, followed by the brand and finally the size. The low degree of predictability of size is understandable given that it is likely to be influenced by individual consumption rates, frequency of visits to the shop, the incidence and size of promotions etc. -which have not been included in the behavioral model currently. Note that it is the low level of predictability of size which is pulling down the overall SKU prediction figure as well. If we discount product size, these results definitely indicate that ranking products based on attribute specific preferences and prices is able to mimic household level choice behaviour to a large extent.
Conclusion
This paper used a bottom-up simulation based approach in order to model the evolution of a fresh juice market, using checkout data from an online supermarket as the basis for empirical validation. A simple single parameter behavioural model was used for agent specific behaviour, and was calibrated using transactions data. High levels of out-of-sample predictions were achieved, not only at the aggregate level, but at the disaggregated household level as well. The underlying heterogeneity within the population, which the model and the calibration methodology was able to capture, resulted in the prediction of evolution of market shares of product groups and purchase patterns of households to a reasonably high degree of accuracy.
Although the approach used in the simulation is bottom up, it cannot yet be labeled as agent based, as agent to agent interactions are absent. It is to be treated as the first step towards building a fully validated agent based simulation of a CPG market. Enhancing the model to explicitly incorporate promotion incidence and factors affecting pack size choice would go a long way in improving the prediction rate as well. However, the authors anticipate that the current model's simplicity, parsimony and ability to combine theory, simulation and real life data seamlessly would make it very appealing for researchers and practitioners alike.
